Abslmcl-In this paper, we present our latest results on developing and implementing a traffic congestion mode and vehicle density estimator for a segment of Interstate 210 in Southern California. Using a mixture Kalman filtering (MKF) algorithm on the switching-mode traffic model, the estimator is able to provide estimated vehicle densities at unmeasured locations, as well as the congestion Statnses (freeflow or congested), which are not directly observed. The program runs efficiently, thus making it possible to carry out estimation in real time.
I. INTRODUCTION
In today's metropolitan areas, highway traffic congestion occurs regularly during rush hours. In addition, nonrecurrent congestion often takes place as a result of incidents or road work. The congestion causes inefficient operation of highways, waste of resources; increased air pollution, and intensified driver fatigue.
One of the methods used to prevent and/or relieve highway traffic congestion is on-ramp metering. Many strategies have been proposed and deployed to regulate the demands on the highway by limiting the rate at which vehicles enter the highway. These ramp-metering strategies can be classified into two categories: traffic responsive and nontraffic responsive. Traffic responsive ramp metering strategies utilize real-time measurements of the traffic state, such as vehicle densities and traffic congestion status (freeflow or congested), while non-traffic responsive ones often operate under a fixed time-of-the-day table, and ignore the current traffic conditions completely. It is believed that traffic responsive metering strategies are more effective and more robust than non-traffic responsive ones.
Currently, traffic data are usually obtained from inductive loop detectors embedded in the pavement. These loop detectors provide percent occupancy (percentage of the time that the detector is occupied by vehicles) and volume (number of vehicles that have passed over the detector), from which other macroscopic quantities can be derived when accurate vehicle lengths are available. These macroscopic quantities include vehicle density (number of vehicles per unit length of highway), flow (number of vehicles per unit time), and speed. One effort to provide such macroscopic traffic data through a centralized database is the Freeway Performance Measurement System (PeMS) [I] .
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Ideally, one would like to have access to these traffic data continuously across time and space. However, because of the high cost and difficulty of installing and maintaining loop detectors, oftentimes traffic data are not available at all desired locations at all times. These missing data thus have to be estimated using the available data. On the other hand, the traffic flow mode, i.e., whether the traffic is in free-flow (where traffic moves freely at high speeds) or congestion (where traffic moves slowly and is restricted by downstream conditions), cannot be measured directly and has to be inferred from other quantities. In our previous work [2], we developed a traffic state estimator based on the switching mode traffic model [3] and the mixture Kalman filter (MKF) [4]. This estimator is able to estimate the vehicle densities at unmeasured locations, as well as to determine the traffic congestion mode, in a highway section. It was tested on a short section of highway and its performance was evaluated using the measured data. It was shown that on average, a mean percentage error of -10% was achieved for vehicle density estimation at unmeasured locations.
In this paper, we describe our recent work, which involves implementing this congestion mode and vehicle density estimator on our entire selected test site, a 14-mile long segment of Interstate 210 Westbound in Pasadena, Califomia, and interfacing the estimator with traffic simulation programs that have been calibrated to the test segment, including a macroscopic simulator-the modified cell transmission model [5] , and a microscopic simulator-VISSIM [6] . We will first briefly review the switching-mode model and the estimation method in Section 11. Then in Section 111, we will describe the test site and discuss the constraints and other considerations for the cell configuration. The main results will be presented and discussed in Section IV. In the last section, we will give some concluding remarks.
METHOD

A. Cell Transmission-Based Switching Mode Model
Highway traffic models can be categorized into two groups: microscopic models and macroscopic models. Microscopic models describe the behavior of each individual vehicle on the highway, while macroscopic models describe the evolution of aggregated traffic quantities, such as vehicle densities and flows, based on the conservation principle. Due to their complexity, the microscopic models, which require an enormous number of equations to model each individual vehicle's behavior and the interaction between 2098 
where for a cell i, pi@) is the average vehicle density between times f and f + 1, pJi is the jam density, i.e.,
the maximum vehicle density allowed in cell i, v,,~ is the free-flow speed, w,i is the backward congestion wave propagation speed, and Q~,i-l is the flow capacity, i.e., the maximum possible flow. These quantities are also illustrated in Fig. I . The three terms involved in the minimum in (I) can be interpreted as follows. The first term v~~-lpi-,(f) is the flow that can be supplied by cell i-1. The second term is the flow that can be absorbed by cell i. And the third term QM,~.I This switching-mode model includes several modes. In each mode, the vehicle densities in the cells evolve according to a different set of linear difference equations. Among these modes, two are of greatest importance: pure free-flow and full congestion. For the purpose of designing the traffic estimator, we further simplify this switching-mode model by considering only these two modes. For a typical section of highway that consists of 4 cells and contains an on-ramp and an off-ramp, as shown in Fig. 3 , we write down this simplified switching-mode model as follows.
When the highway section is in kee-flow mode, the first term in (I) dominates, and the difference equations are where qml and qmz are the mainline entering and exiting flows, respectively, r is the on-ramp flow, p is the split ratio of the off-ramp flow, / , is the length of cell i, and T, is the sampling time.
When the section is in congested mode, the second term in (1) dominates, and the difference equations are 
where p~~ is the jam density (maximum allowable density) in cell i.
It is important to point out that the dynamics of the cell vehicle densities in different modes are dramatically different, as evidencdby the observability and controllability in each mode. In free-flow mode, the densities in the section are observable through a measurement that is downstream of the section and controllable by an on-ramp upstream of the section; while in congestion mode, the densities are observable through a measurement upstream of the section and controllable by an on-ramp downstream of the section. These observations, especially those for congestion mode, are counter-intuitive at a first glance. However they agree with the understanding in highway eaffic theory that when during congestion, a high density wave, or in other words, information, propagates backwards along the highway.
B. Improved Mixture Kalman Filler
In the switching-mode model, the mode (free-flow or congested) is determined by the flow condition in the section. However, there is no direct measurement or observation of the current traffic congestion mode in a highway section. The congestion mode can only be inferred from measured quantities, for example, the speed. The general practice in traffic engineering is to set an upper threshold and a lower threshold for the speed. When the speed in a section is above the upper threshold, the section is considered to be in free flow; when the speed is below the lower threshold, the section is in congestion; when the speed is between the two thresholds, the section is considered somewhat likely to be in congestion. The problem with this kind of method is two-fold 1) The selection of the thresholds is based on experience and, to a certain degree, is arbitrary, and 2) When the speed falls between the two thresholds, the mode of the section cannot be determined.
Therefore, we assume that we do not have direct observation of the mode and that the mode jumps between possible values following a discrete-time Markov chain with a certain transition probability. Under these assumptions, the switching-mode model falls into a special class, called
Markov jump linear systems (MILS).
The previous four-cell example has a continuous state x = [PI p2 p, p4IT and possible discrete modes 1 (free-flow) and 2 (congested).
It is known that it is difficult to estimate the states and the mode when the mode itself is not observed. The difficulty lies in the fact that the sample space S' of the mode sequence grows exponentially as time t increases, where S is the set of possible discrete modes.
The mixture Kalman jilter (MKF) [4] approximately solves this difficult probability inference problem by employing a Monte Carlo approach that approximates the exponentially growing sample space by a fixed finite number, M, of mode sample sequences sp', where m = 1,. , ., M.
A weight is associated with each of the sample sequences to represent the a posteriori probability of that sample sequence,
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where a symbol in boldface, for example, s,, represents a sequence from time 0 to time 1. After the new measurement y,+=, is available, these weights are updated by
(7)
where the incremental weight e;/ :=P(y,+I IY,>ul,sjm'), ( 8 ) represents the likelihood of the new measurement for a given mode sample sequence.
On each of these mode sample sequences, a (timevarying) Kalman filter is implemented to estimate the continuous states. The state estimates on all mode sample sequences are then "mixed" (averaged) by the weights, and this weighted average approximates the aposteriori estimate of the continuous states, i.e.,
(9)
where 2::' is the a posteriori state estimate from each of the Kalman filters.
The accuracy of this Monte Carlo method is improved by a predictive sampling technique, in which the current mode is sampled according a predictive probability
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which favors the mode with higher likelihood given the current measurements and the previously sampled modes.
The weight update procedure is recursive. The entire history from time 0 inRuences the current weight. It is often found in implementation that most of these weights approach 0 while only a few remain of modest magnitudes. This phenomenon reduces the effective number of sample sequences and introduces an underflow risk for 2100 the weights when implemented on a machine with finite floating point precision. Therefore, a forgetting and weight underflow prevention scheme [2] has been introduced in our implementation. In this scheme, the weights of the sample sequences are bounded from below, and are re-normalized after the bounding step. This simple procedure not only prevents the underflow, but in effect l i m i t s the influence of the early history on the weights and makes the weights recover more quickly when their corresponding sample sequences are favored by the current measurements.
In addition to the mixture estimate of the continuous states, the mixture K a h n filter also provides an approximate maximum a posteriori (MAP) estimation of the congestion mode: It is a heavily used freeway segment that experiences severe recurring congestion and can benefit greatly from ramp-metering strategies that reduce congestion and improve total travel time. 1-210 has most of the necessary infrastructure, such as loop detectors, on-ramp metering signal controllers, and a centralized advanced traffic management system (ATMS), that is needed to test new ramp-metering designs.
3) New ramp metering schemes, such as System Wide Adaptive Ramp Metering (SWARM), have undergone testing and evaluation on 1-210.
4) District I of the California Department of Transportation (Caltrans D7), which manages this highway segment, continues to support researchers in exploring innovative traffic management techniques.
Therefore, onr efforts in traffic modeling and model calibration have been concentrated on this highway segment.
A. Cell Confrgurution
To apply the switching-mode model to the test highway segment, we first need to divide it into cells. There are several constraints and considerations that we must take into account during this process.
1) The cell transmission model requires that the cell length be larger than the product of the free-flow speed and the time step. In other words, vehicles cannot travel across more than one cell within one time step. 2) With the measurements (density and flow) from mainline loop detectors, the section of highway between two mainline detectors can be decoupled from the rest of the highway. Therefore, we generally divide the highway into sections at the mainline loop detectors. We skip detectors that are believed to be malfunctioning and combine the neighboring sections into one. 3) Within one section, cells are divided at the mergepoints of on-ramps and the diverge-points of offramps.
Based on the above considerations, as well as the nominal value of the free-flow speed, 63 miles per hour, the geometry of the highway and the locations of the mainline detectors, we have chosen the sampling time to be 2 seconds. vehicle density estimator has been implemented for the entire 14-mile long test segment. The program was written in the C language for reasons of efficiency and portability. Not only can the estimator run on collected traffic data sets, it has been successfully interfaced with a calibrated VISSIM microscopic traffic simulator [6] , through the VISSIM DDE (Direct Data Exchange) interface, and with a calibrated macroscopic cell transmission model [SI. The estimator is running synchronously with these traffic simulators. The running time of the estimator with 10 mode sample sequences for a 7-hour (from SAM to 12 noon) time period and the full 14-mile segment is less than one minute on a 1.4 GHz Pentium M computer. The traffic data were extracted from the PeMS [l] database. The traffic flows and vehicle densities are available every 30 seconds, while the speeds are available every 5 minutes. We interpolated the 30-second flow and density data into 2-second intervals and passed the interpolated data through a low-pass filter to reduce the amount of noise in the original 30-second traffic data. The estimator produced the vehicle density for each cell, as well as the congestion mode for each section, using these 2-second interpolated and filtered data. hour and above, which is generally considered to indicate free-flow conditions in traffic engineering. Red indicates an average speed of 40 miles per hour and below, in which the traffic is considered to be in congestion. Orange indicates an average speed between 40 and 55 miles per hour, in which the traffic is somewhat likely to be in congestion. In the plot, white indicates unavailable data.
As another example, similar plots for the VISSIM simulation model of the same 1-210 segment are shown in Fig. 7 . In this example, the measurements for the MKF-based estimator were from the traffic flows and vehicle densities simulated by VISSIM. The estimated congestion modes, as shown in Fig. 7(b) , are compared with a contour plot ( Fig. 7(a) ) of the speeds that were simulated by VISSlM.
It can be seen from the plots that in general, the congestion mode estimation by the MKF-based estimator agrees with the speed contour plot. However, the MKl-based congestion mode estimation is preferable for the following reasons.
1) As mentioned earlier, the thresholds for the speed are determined empirically and can vary from location to location. It is not clear whether a section is in congestion or not when the speed is between the upper and lower thresholds. The speed data usually are not available as frequently as the density and flow data when the data are collected using single loop detectors, which is usually the case. More importantly, the MKF-based estimation provides the statistically most probable mode that directly corresponds to one of the possible dynamic models, while the speed-based estimate itself does not have this direct correspondence. The MKF-based estimator also provides vehicle. density estimation for all the cells where no measurements are available.
V. SUMMARY
In the paper, we presented our latest results on developing and implementing a traffic congestion mode and vehicle density estimator for a segment of Interstate 210. Using the mixture K a h " filtering algorithm on the switching-mode traffic model, the estimator is able to provide the estimated vehicle densities at unmeasured locations, as well as the traffic congestion modes (free-flow or congested), which are not directly observed. The program u s efficiently, thus making it possible to cany out estimation in real time. The availability of the congestion modes enables us to design more effective ramp metering algorithms, utilizing the appropriate switching-mode model dynamics under different flow conditions.
